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This work provides a valuable contribution by leveraging simulation-based inference to
investigate candidate compensatory mechanisms in neuronal network models and
offering new insights into how distinct pathological perturbations may require different
interventions. The computational evidence is convincing and has been strengthened by
additional reproducibility analyses, although some aspects of inference validation and the
biological interpretation of posterior dependencies warrant further investigation. The
study establishes a helpful computational framework for exploring disease-specific
compensatory mechanisms and will be of broad interest to the computational and
systems neuroscience communities.
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Abstract

The activity of healthy neuronal networks is tightly regulated, and a shift towards
hyperexcitability can cause various problems, such as epilepsies, memory deficits, and motor
disorders. Numerous cellular, synaptic, and intrinsic mechanisms of hyperexcitability and
compensatory mechanisms to restore healthy activity have been proposed. However, quantifying
multiple compensatory mechanisms and their dependence on specific pathophysiological
mechanisms has proven challenging, even in computational models. We use simulation-based
inference to quantify the interactions of compensatory mechanisms in a spiking neuronal network
model. Various parameters of the model can compensate for changes in other parameters to
maintain baseline activity, and we rank them by their compensatory potential. Furthermore,
specific causes of hyperexcitability - interneuron loss, excitatory recurrent synapses, and principal
cell depolarization - have distinct compensatory mechanisms that can restore normal excitability.
Our results show that spiking neuronal network simulators could provide the quantitative
foundation for targeting pathophysiological network mechanisms with precise interventions.

1 Introduction

Neuronal networks operate within narrow ranges of average activity. A shift outside that range is
a key aspect of many brain disorders. Epilepsy is an extreme case where hyperactivity of a
neuronal network spreads across the brain, causing seizures (Devinsky et al., 2018 2). Alzheimer’s
disease shows local hyperexcitability at the early stage, increased bursting, and elevated
intracellular calcium levels (Anastacio et al., 2022 3 ; Mittag et al., 2023 @). Although this kind of
hyperexcitability rarely causes seizures, there are similarities between local patterns of
hyperactivity in epilepsy and Alzheimer’s disease (Kamondi et al., 2024 (%). In schizophrenia, the

Hyperexcitability can result from changes at the cellular, synaptic, or molecular levels. At the
cellular level, animal models of epilepsy show loss of interneurons (Huusko et al., 2015 ), and
interneuron ablation leads to hyperexcitability (Martin & Sloviter, 2001 (%). The role of

Miller-Komorowska and Fukai, 2025 eLife 14:RP107045. https://doi.org/10.7554/eLife.107045.2

1 0of 25


https://en.wikipedia.org/wiki/Open_access
https://creativecommons.org/
https://doi.org/10.7554/eLife.107045.2
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
mailto:daniel.muller@oist.jp
mailto:daniel.muller@oist.jp
mailto:daniel.muller@oist.jp
https://doi.org/10.7554/eLife.107045.2.sa2
mailto:daniel.muller@oist.jp
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.7554/eLife.107045.1

::"0.:‘ eLife Neuroscience

interneurons in network excitability also led to the idea that grafting of new interneurons could
prevent seizures (Hunt & Baraban, 2015 ).

At the synaptic level, increased excitatory connectivity can lead to hyperexcitability. Granule cells
in the healthy dentate gyrus lack recurrent excitatory connections, whereas epileptic tissue
exhibits aberrant recurrent excitation due to mossy fiber sprouting (Scharfman et al., 2003@).
Besides the recurrent connections, synaptic inputs from the medial perforant path to the dentate
gyrus are also strengthened (Janz et al., 2017 2).

At the molecular level, mutations that affect ion channel functions can cause genetic epilepsy, and
acquired forms of epilepsy are often accompanied by changes in ion channel expression or
localization (Beck & Yaari, 20087 ; Lerche et al., 2013 2). But changes in ion channel expression
can also restore healthy activity after injury (Yim et al., 2015 (2). This shows that some ion
channels can compensate for perturbations of other ion channels. Different ion channels
performing the same function are an example of degeneracy (Marom & Marder, 2023 2),
Degeneracy could be an important property of neuronal systems because it suggests that the same
disorder can have different causes and that multiple compensatory mechanisms could restore

healthy function (Stéber et al., 2023 ).

Studying the interactions of multiple, degenerate compensatory mechanisms across scales is
extremely difficult in biological systems. But computer simulations provide a way to explore
plausible mechanisms efficiently. A simulator produces output given parameters, which can be
used directly to observe the effects of changing those parameters, similar to an experimental
manipulation. But to identify degenerate compensatory mechanisms, it is more important to solve
the inverse problem; to find the parameters that are likely to produce a given output.

Simulation-based inference (SBI) is widely used across scientific disciplines to solve the inverse
problem of simulators (Cranmer et al., 20202 ). While there are different methods for performing
SBI, they all use parameter-output samples for inference. For example, approximate Bayesian
computation (ABC) infers the parameter distribution by discarding parameter samples that yield
output very different from the target output. ABC is widely used, but discarding samples is
inefficient, which makes it infeasible for biologically plausible simulators.

Neural posterior estimation (NPE) was recently development as a more sampling efficient SBI
method (Papamakarios & Murray, 2018 (3). It is more sampling efficient because it uses a simulator
output to train a neuronal density estimator to estimate the parameter distribution given input.
Like other SBI methods, NPE works on any kind of simulator and is widely used across scientific
fields. In neuroscience, it was already used on neuronal models such as the stomatogastric
ganglion system (Goncalves et al., 2020 2) and on field recordings from various mouse brain areas
(Gao et al., 20242).

We use NPE to identify compensatory mechanisms that avoid hyperexcitability in a spiking micro-
circuit simulator with two interneuron populations. We specifically investigate three well-known
pathophysiological issues: interneuron (IN) loss, excitatory recurrent sprouting, and principal cell
(PC) depolarization. We find that various parameters related to these three conditions have
compensatory potential. Which parameters are most effective depends on the specific
pathophysiology. IN loss is best compensated by increasing IN - PC connectivity. Sprouting is
compensated by a set of PC intrinsic properties and PC - PC synaptic weight. Intrinsic
depolarization is compensated best by increasing the PC spiking threshold. Our results show that
identifying the specific pathophysiology could be used to rank compensatory mechanisms and
thereby find precise interventions.

2 Results

To study the mechanisms of hyperexcitability, we implemented a phenomenological spiking
parameters describing intrinsic neuronal properties, synaptic strengths, connection probabilities,
and interneuron numbers. The model’s output are 7 summary statistics that describe the average
activity, firing regularity and oscillation strengths. To explore the models high dimensional
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We chose two network states as targets for simulation-based inference: A baseline (BL) condition
that represents healthy activity and a hyperexcitable (HE) condition that represents pathological
hyperactivity (Figure 1 C2). To identify the parameter distributions underlying the BL and HE
conditions, we trained a neural posterior estimator (NPE). Simulations with zero spikes were used
by setting the ISI entropy, correlation and ISI CV to zero. We then used simulation-based
calibration (Talts et al., 2018 (@) to test the reliability of the posterior estimate q(6|x), for all x,
which are within the support of the likelihood. Simulation-based calibration showed that the

posterior estimate was unreliable for several parameters (not shown).

Because the NPE based solely on prior samples was unreliable, we used truncated sequential NPE
(Deistler et al., 2022 (%). This technique draws samples from posterior estimates to iteratively
improve the estimate. The 2,620,000 prior samples were used to create the initial posterior
estimate, and then 20,000 samples were drawn from the posterior estimates in 4 iterations. These
simulations showed clearly distinct excitability levels of the simulator (Figure 1 C(2).
Furthermore, the simulation outcomes from both posterior distributions were clearly distinct and
covered most target outcomes (Figure 1 D (%). Only the gamma and fast power outcomes were not

within the interquartile range of the HE condition.

To identify compensatory mechanisms that maintain the baseline excitability, we calculated the
pairwise correlation coefficients between parameter samples from the posterior estimate. These
correlations identify compensatory mechanisms, because they indicate that baseline activity can
be maintained despite changes in one parameter if the other parameter changes accordingly. Since
our model has 32 free parameters, 496 unique pairwise correlations exist. For each pair, we
calculated the Spearman correlation coefficient from 200000 marginal posterior samples. Out of

The largest negative correlation (-0.94) was between the PC connection probability (PC - PCp) and
the connection strength (PC — PC 4,). Both parameters were narrowly tuned and must be
connections from both interneuron types to PCs were also negatively correlated, albeit with
smaller correlation coefficients (Figure 2 B(), and they were not as narrowly constrained.

The largest positive correlation was between two intrinsic properties of PCs: the equilibrium
potential of the leak current (PCg, ) the threshold (V7). The capacitance was negatively correlated
with the other three intrinsic properties. Overall, this indicates that several compensatory

Marginal pairwise distributions are broad, because they are unconstrained by other parameters.
But the posterior distribution can be used to constrain the other parameters. This lead to narrower
Furthermore, almost all parameters with meaningful marginal correlations also showed
meaningful conditional correlations (Figure Supp 2.1 @). This shows that unconstrained and
constrained both identify compensatory mechanisms.

Next, we set out to find compensatory mechanisms for specific perturbations. By comparing two
conditioned distributions, p(6|xgy, 6; = k) and p(8 | xg;, 0; = j), we can find the compensatory
mechanisms that maintain xg;, despite the condition. For example, if 8; = k is a normal amount of
interneurons and 6; = j is the amount of interneurons expected in sclerotic tissue, we can find the
parameters changes that can maintain healthy output despite the interneuron loss. We used this
technique to investigate IN loss, recurrent excitation, and PC depolarization.

We sampled from the baseline posterior estimator with additional conditions on parameters
representing known pathophysiological parameters (Figure 3(%). For interneuron loss, we
conditioned the cell numbers in both interneuron populations (Normal: Equation 11 versus IN
Loss: Equation 12). For recurrent excitation (called sprouting), we conditioned the connection

probability PC — PC, (Normal: Equation 13 versus Sprouting: Equation 14). And for PC
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Table 1. The intrinsic parameters of the AdEx model populations.

Square brackets indicate the lower and upper bounds of the uniform prior distribution. If a cell contains a single number, tha
parameter is held constant. A7, slope factor; 7, adaptation time constant; a, subthreshold adaptation; b, spike-triggered
adaptation; V,, spike triggered reset voltage; C, capacitance; gL, leak conductance; E;, resting membrane potential; V7, spike
threshold. Note that V determines the point of exponential rise but is not the hard threshold for triggering the spike reset. A
spike is triggered when the voltage is larger than 0 mV, see Equation 3.1 ; n, number of neurons in the population.

Parameter PC AIN NIN
AT 0.8 mV 5.5 mV 3.0 mV
T 88 ms 1ms 16 ms
a 0.8 nS 2.0nS 1.8 nS
b 65 pA 55 pA 61 pA
V. -53 mV -54 mV -54 mV
C [10 pF, 100 pF] [96 pF, 209 pF] [10 pF, 323 pF]
gr [2.0 nS, 20.0 nS] [2.0 nS, 6.4 nS] [3.0 nS, 13.5 nS]
E; [-80 mV, =64 mV] | [-65 mV, =51 mV] | [-70 mV, —58 mV]
Vi [-49 mV, -39 mV] | [-63 mV, -44 mV] | [-52 mV, -37 mV]
n 500 [10, 100] [10, 100]

Table 2. The parameters of the Tsodyks-Markram synaptic connections.

Asg, maximum synaptic conductance; 1, time constant of synaptic decay; 7., Synaptic resource recovery time constant; Usg,
fraction of synaptic resources activated; t¢,, decay of facilitation time constant; p pairwise connection probability in %. NIN
GJ NIN, is a gap junction connection, modeled as a fixed conductance between connected NINs.

Connection Agsp T Tree | Use | Ttacil D
Input — PC 5.5nS 55ms | 800ms | 0.5 | 0ms 0.2
Input — NIN 7.0 nS 63ms | 800ms | 0.5 [ 0ms 0.1
PC— PC |[0.0nS,50.0nS]|10.0ms|800ms| 0.5 | 0ms |[[0.0,0.3]
PC — AIN | [0.0nS,50.0nS] | 4.0ms [ 130 ms | 0.03 | 530 ms | [0.0, 0.3]
PC — NIN | [0.0nS,50.0nS] | 10ms [800ms | 0.5 | 0ms | [0.0,0.3]
NIN — PC | [0.0nS,50.0nS] | 5.5ms [800ms| 0.5 | 0ms | [0.0,0.3]
NIN — NIN | [0.0 nS, 50.0nS] [ 25ms [800ms| 0.5 | 0ms | [0.0,0.3]
AIN — PC |[0.0nS,50.0nS] | 6.0ms [800ms| 0.5 | 0ms | [0.0,0.3]
AIN — NIN | [0.0nS,50.0nS] | 6.0ms | 50ms [0.03| 0ms | [0.0,0.3]
AIN — AIN | [0.0 nS, 50.0 nS] [ 5.5ms [ 130 ms | 0.03 | 530 ms | [0.0, 0.3]
NIN GJ NIN | [0.0 nS, 4.0 nS] - - - - [0.0, 0.3]

Neuroscience
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Figure 1. Sequential NPE finds distributions of parameters that produce different levels of excitability.
i % for details. B) Simulator outcome
own. The parameters were drawn from

A) Anillustration of the spiking neuronal network simulator. See methods S
from 1122586 simulations. Simulations with zero PC spikes or undefined CV a
the prior distribution (see Table 1% & Table 22 ). The cross shows the two target outcomes the NPE was conditioned on. C)
Shows the result of simulating the MAP parameters from p(6 |xg) and p(6 |xyg). Top: Voltage trace of a single PC. Bottom:
spike raster plots for 50 of 500 PCs. D) Outcomes from simulating 1000 parameter sets drawn from each of the two
distributions. The black cross marks the value targeted by the NPE. See TabIe3lZ:’ In the baseline condition, the targeted

outcome was well within support of the outcome distribution for all parameters. In the hyperexcitable condition, gamma and
fast power targets were not within the interquartile range.
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Table 3. The quantified outcomes of the simulator.
ISI, interspike interval; CV, coefficient of variation.
Mean Rate | Mean ISI Theta Gamma Correla-
Outcome Fast Power . ISICV
(Hz) Entropy Power Power tion
Baseline . g 0
18 2.7 1-10™ 1-10" 1-10 0.05 0.45
(BL)
Hyper-
excitable 75 1.0 9.10°° 7-107° | 6-1071° 0.99 4.0
(HE)
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Figure 2. Various parameter pairs can compensate for each other to maintain baseline excitability.

A) Shows seven representative 2D histograms of pairs with marginal correlation coefficients larger >0.1 or <-0.1. The
maximum pixel values in order are: 813, 588, 525, 1718, 411, 863, 3328. All minimum values are zero. B) MAP conditional
sample histograms for the same parameters as in A. The maximum pixel values in order are: 626, 606, 517, 627, 277, 519, 738.
C) Shows the correlation coefficient of all parameter pairs as a diverging heatmap. The marginal correlation coefficients for
the pairs shown in A from top left to bottom right, are: -0.31, -0.21, -0.13, 0.15, 0.13, -0.32, 0.19. D) Shows the correlation
coefficients of samples drawn for each parameter pair while conditioning all other parameters on the map estimate.
Correlation coefficients for the order in A from top left to bottom right, are: -0.43, 0.06, -0.41, 0.49, -0.01, -0.59, 0.42.
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depolarization we conditioned PCg; and PC,, (Normal: Equation 15 versus Depolarized: Equation
16). While conditioning on these parameters, we sampled all other parameters and compared the
normal with the pathophysiological samples. The difference between the distributions of a
parameter reveals compensatory mechanisms because it shows how the parameter can change to
maintain baseline activity despite the pathophysiology. We use the Kolmogorov-Smirnov (KS) test
statistic to quantify the difference between distributions, where 0 indicates identical distributions
and 1 indicates non-overlapping distributions.

We found that the different pathophysiological conditions had different compensatory profiles
(Figure 3 A, B & C(@). For example, when the number of INs is constrained, increasing the AIN -

compensatory potential of the PC - PC connection is low. This shows that some compensatory
parameters depend on other conditions. This is also true for IN loss and intrinsics. During IN loss,
the connection probabilities from INs - PCs stand out as being particularly effective. In contrast,
the threshold potential is uniquely positioned to maintain baseline excitability despite intrinsic
depolarization.

The results presented so far came all from the same posterior density estimator. To assess
reproducibility, we simulated 10,310,000 additional samples and trained two sequential NPEs. For
amortized training 1,122,586 samples were randomly chosen for each and then the sequential
loops were repeated as above. The replicates and the original data are overall highly correlated

The above results focus on the mechanisms that maintain baseline excitability. Next, we
investigated the compensatory mechanisms that can move the network from hyperexcitable to

parameters that have compensatory potential are the capacitance of NINs and the threshold of
AINSs.

We have used posterior density estimators to quantify compensatory mechanisms. However, the
ultimate goal of a compensatory mechanism is to bring the system from the pathophysiological
state back to the healthy state. In the simulator, we can directly test the effect of parameter
changes on the output and, furthermore, whether the effect depends on the specific
pathophysiological cause. To this end, we used the hyperexcitable posterior density estimator and
drew samples given each pathophysiological condition: IN Loss, Sprouting and Depolarization.

To test the effect of a parameter on output, a single parameter was then systematically varied and
simulated. If the pathophysiological condition influences the effect of a parameter on the output,
we expect a change in the difference between conditions at some parameter point. The interaction
of an ANOVA shows whether the interaction between the parameter change and any of the three
pathophysiological conditions is significant. A statistically significant interaction indicates that the
effect of a parameter on the outcome depends on the condition (or conversely) and is thus specific
to the pathophysiology. The results clearly show that the condition is important for the
compensatory potential of many parameters (Figure 6 (2). As expected, IN loss affects the influence
of AIN - PC connectivity, and sprouting strongly affects PC — PC 4, . The effect of PCy, on a
variety of outcomes is also strongly condition-dependent. Overall, this shows that the
compensatory effect of many parameters depends on the specific pathophysiological condition.

3 Discussion

The ideal compensatory mechanisms depend on the underlying pathological causes. Using
simulation-based inference, we quantify the ability of parameters to compensate for different
causes of hyperexcitability. For example, we find that the threshold potential for exponential
voltage rise (V7) is the best parameter to compensate for intrinsic depolarization. However, when
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Figure 3. Compensatory parameters of specific pathophysiological conditions.

A) A schematic illustration of the three conditions. IN loss compares 55 AINs and 54 NINs in each subpopulation (Normal,
Equation 11) to 15 neurons in each population (IN Loss, Equation 12). Sprouting compares PC - PCp of 0.15% (Normal,
Equation 13) to 3% (Sprouting, Equation 14). Depolarized compares PC,, = 3.0nS,PCg, = —68mV (Normal, Equation 15),
with PCy, = 2.5nS,PCp, = —66 mV (Depolarized, Equation 16). B) shows the five parameters with the largest difference in
each condition. KS test statistic for all parameters and conditions. C) Shows the KS statistics for all parameters and all
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Figure 4. Replication of the posterior estimator with different training data.

The dot and the x are results from separately trained estimators. A) Original KS statistics versus those from two separately
trained replicates. See Figure 3 D@ for original data. B) Original conditional correlation coefficients versus those from the

data. Correlation coefficients of A, B and C are 0.87, 0.84 and 0.89, respectively.
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Figure 5. Compensatory parameters that can restore baseline activity given hyperexcitability.

A) Schematic illustration of the three pathophysiological conditions and the comparison of baseline versus hyperexcitable

network woutput. B) shows the five parameters with the largest test statistic. Each compares baseline and the hyperexcitable

estimator for a specific pathophysiological condition. C) shows the KS test statistic calculated between the baseline and
hyperexcitable posterior for each pathophysiological condition. KS test results for all parameters and conditions are in Table
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Figure 6. The pathophysiological condition changes the effect of parameters on simulated outcomes.

The hyperexcitable posterior estimator was sampled with additional pathophysiological conditions. Then, each parameter
was varied to cover 50 points in the parameters prior range and the parameters were simulated. Each of the 50 points on the
x-axis contains 100 samples and the error bars show the 95% confidence interval. The asterisks indicate where the p-value of

—0‘3%1 . F|gureSupp51I'_’:' shows the effect of more parameters and

Table Supp 5.1 contains the p-values of the interactions.

the interaction between parameter and condition is p <
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compensating for interneuron loss or recurrent excitatory sprouting, V; compensation is less
effective. The exponential voltage rise in neurons is mediated by voltage-activated sodium
channels, which are a crucial target of antiepileptic drugs (Kaplan et al., 2016 ). Our findings
therefore predict that, in patients in whom seizures are not primarily caused by principal cell
hyperexcitability, commonly used sodium channel blockers may be less effective. This could
explain why sodium channel blockers do not control seizures in some patients.

Two other interesting parameters are the interneuron-to-principal cell connection probabilities
(AIN - PC, and NIN - PCp). Increasing the connection probability of either can compensate for
intrinsic depolarization but also for the loss of interneurons. On one hand, fewer interneurons
mean less overall inhibition and it makes sense that this can be compensated for by increasing
connectivity. On the other hand, fewer interneurons means that the effect of the connectivity
parameter should decrease, because the same increase in connection probability creates fewer
overall synapses. We predict that even in sclerotic tissue with severe interneuron loss, increasing
the number of inhibitory synapses has great compensatory potential. In vivo, thousands of
interneurons remain even after interneuron loss in the pilocarpine or traumatic brain injury rat
model of epilepsy (Huusko et al., 2015). The remaining interneurons could restore healthy
activity by maintaining more synapses on principal cells. There are currently no epilepsy
treatments that target inhibitory synapses directly, and increasing the number of inhibitory
synapses without affecting excitatory synapses could prove difficult. A promising direction could
be to use astrocyte-secreted factors such as neurocan, which specifically control inhibitory
synaptogenesis (Irala et al., 2024 @).

While synaptogenesis has not yet been targeted for epilepsy treatments, interneuron
transplantation to replace lost interneurons has been explored and proven effective in rodents
(Hunt & Baraban, 2015 @). We find that the interneuron cell numbers, compared to synaptic and
intrinsic parameters, do not compensate well for excitatory sprouting or intrinsic depolarization.
Before using interneuron transplants, it could, therefore, be advisable to determine whether
interneuron loss affects the epileptogenic region. This is especially important since some
epileptogenic regions are non-sclerotic, having cell numbers similar to healthy controls (Blimcke

transplantation could be less effective.

Our results indicate that the pathophysiological mechanisms could be relevant to choosing optimal
treatments, but measuring the number of interneurons, the number of recurrent excitatory
synapses, or intrinsic excitability is currently impossible in living patients. It is, therefore,
essential to develop methods to estimate these difficult-to-measure mechanistic features from
measurable properties. Simulation-based inference can be used to estimate these mechanistic
biomarkers. For example, Doorn et al. (2024) @ measured the activity of patient-derived neuronal
cultures with multi-electrode arrays and used the posterior estimates of recurrent spiking
neuronal network parameters conditioned on the activity as estimates of pathological
mechanisms. This method shows some promise, but a gap remains between the activity in
epileptic networks and the activity in cell cultures. Cell cultures are dominated by the details of the
culturing technique and the patient’s genetics. This makes cell culture particularly useful for
epilepsies with strong genetic components. In contrast, the activity of an epileptogenic network in
vivo is more complex and depends on the patient’s genetics but also various protective or harmful
environmental and developmental factors. Therefore, intracranial field recordings, as they are
performed in pharmacoresistant epilepsies, could be necessary. Such recordings with
phenomenological neuronal mass models, which simulate the average activity of coupled brain
regions rather than the spiking of single neurons, have been used to estimate the epileptogenicity
index (Makhalova et al., 2022 (%). While this index does not describe a specific pathophysiological
mechanism, it could be clinically meaningful. A clinical trial is ongoing to determine its efficacy in
guiding surgical decisions on the resection of epileptogenic brain tissue (Jirsa et al., 2023 ). If
neural mass models can provide meaningful estimates of epileptogenicity, spiking neuronal
network models could provide estimates of pathophysiological mechanisms such as interneuron
number, which we have found might be helpful to guide personalized treatment.
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Comparing conditional distributions has, to our knowledge, not been used to identify
compensatory mechanisms. It is thus worth comparing it to the more common way of identifying
compensation from the posterior correlations between parameters (Gongcalves et al., 2020@). If we
sample from the posterior p(6|x), correlations between 6; and 6; indicate that if either of the
parameters were changed, we could keep the probability of generating x-type output constant by
changing the other parameter. This identifies broadly applicable compensatory mechanisms that
work across the entire parameter range.

On the other hand, comparing p(6;|x, 6; = 5) to p(6;| x, 6; = 10) shows, how 6; could change to
maintain x-type dynamics, despite 6; being perturbed from 5 to 10. The conditional also tests only
the compensation of one parameter to another (the unconditioned compensates for the
conditioned), whereas the correlations find compensation in both directions. Overall, correlations
discover broadly applicable mechanisms, while conditionals identify specific mechanisms.
Therefore, the conditional distributions are likely more useful for precision treatments than the
unspecific correlations.

In summary, we show that the pathophysiological mechanisms underlying hyperexcitability
change the efficacy of compensatory mechanisms to restore normal excitability in a spiking
neuronal network model. These findings suggest that these mechanisms and a biologically detailed
simulator could be used to predict the outcome of treatment options, such as voltage-gated sodium
channel blockers or interneuron transplants. Simulation-based prediction of treatment outcomes
would be a major advance for treating brain disorders and precision medicine.

4 Materials and Methods
4.1 The Spiking Neuronal Network Simulator

To quantify the compensatory mechanisms of hyperexcitability with simulation-based inference,
adaptive exponential leaky integrate-and-fire neurons (AdEx) (Brette & GerstnerZOOSB) to model
one excitatory and two inhibitory populations connected with conductance-based Tsodyks-
Markram synapses to model short-term synaptic plasticity (Tsodyks et al., 1998 (2). The voltage of

dv v—Vr
C% = (*QL (v—EL) + g1 AT exp ( AT ) —w+ Itotal) (€))
C is the membrane capacitance, v is the membrane voltage, t it the current time, gy is the leak
conductance, E; is the leak conductance’s equilibrium potential, AT is the slope factor of the

exponential term, Vis the exponential threshold, Iy is the summed synaptic input

dw

Twﬂza(v—EL)—w (2)

T,y is the adaptation time constant and a is the magnitude of the subthreshold adaptation.

Ifv>0:v—>V, 3.1
w—w+b 3.2)

V. is the reset voltage and b is the spike-triggered adaptation. All neuron model constants and
parameters are in Table 1.
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Figure 7. Representative illustrations of the AdEx neuron model (A) and the Tsodyks-Markram synapses (B)

properties of the microcircuit simulator.

In this example, parameters were fixed to the MAP of the baseline condition.

Miller-Komorowska and Fukai, 2025 eLife 14:RP107045. https://doi.org/10.7554/eLife.107045.2

14 of 25


https://doi.org/10.7554/eLife.107045.2
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://elifesciences.org/subjects/neuroscience

o o Neuroscience
‘v eLife
A neuron received its input through I,

Lot = —ginp (v— Eg) — gpc (v— Eg) — gniv (v— Ey)

@
— §AIN (’U - EI) + ggap (Upre — Upost )

gpc> 8NN & a1y are the conductances from the presynaptic principal cells (PC), non-adapting
interneurons (NIN) and adapting interneurons (AIN), respectively. gyyp is the excitatory
conductance from a homogeneous Poisson spike train. g;ap is a constant conductance that
exists only between some NINSs to simulate symmetric gap junction connections.

The conductances and the synaptic resources changed as in Equation 5.3 (%, Equation 5.2 (%
Equation 5.5, Equation 5.4 and Equation 5.1 & (Tsodyks et al., 1998 (%).

g = Asgy (.1
dy —y
dt - Tin (52)
dz z
E B Trec (53)
z=1—z—y G4
d _
b — (5.5)
dt Tfacil

X, y, and z are fractions of synaptic resources. Resources in the recovered state (x) transition
to the active state (y) when a presynaptic spike occurs (Equation 6.2 @). Resources in the

active state (y) contribute to the synaptic conductance scaled by the synaptic weight Agg

(Equatlon 5.1@) and transition to the inactive state (z) with time constant 7;;, (Equation

value u decays with time constant ¢, and it facilitates becaus

reases when a spike
occurs (Equation 6.1 @), and it scales the transmon to the active fractlon (Equatlon 6.2 &

shows the synaptic parameters for all connections.

On presynaptic spike: u — u + Ugg(1 — u) (6.1)
y—yt+ur (6.2)
T — T —ur (6.3)

The model consists of three different populations: principal cells (PCs), adapting interneurons
(AINs), and non-adapting interneurons (NINs) (Figure 7 A([@). Their parameters are largely

taken from Naud et al. (2008) 2. The AdEx model has nine parameters, and we additionally
varied the number of neurons in the interneuron populations (see Table 1 for all
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parameters). We kept AT, 7, a, b, and V,. constant to keep the parameter space tractable for

simulation-based inference (SBI) and to keep qualitative changes of firing patterns to a
minimum. That left C, g7, E; and Vr subject to SBI. This totals twelve free neuronal

parameters plus the cell numbers of the two interneuron populations.

The neuronal populations and their homogeneous Poisson input were connected through 10 types
and the NINs. All parameters of both inputs were fixed. For the other chemical synapses we fixed
the parameters 7, Tyee» Usg and T, The connection probability (in %) and the strength were
varied during SBI. The chemical connections in the network were PC - PC, PC - alN, PC - NIN,
NIN - PC,NIN - NIN, AIN - PC, AIN - NIN, and AIN - AIN. Gap junctions connected NINs to
other NINs. Therefore, eighteen connectivity parameters were varied during SBI.

We implemented the model with Brian2 (Stimberg et al., 2019 @). All simulations ran for 1 s with a
temporal resolution of 0.1 ms.

4.2 Summary Statistics

We performed inference given seven summary statistics, all of which were calculated on the PCs
(Table 3(3). The mean rate was calculated from all PCs, including silent ones. To calculate the
mean interspike interval (ISI) entropy, we calculated the histogram of the ISIs in bins of 1 ms.
Theta, gamma and fast power were calculated from the power spectral density (PSD). Theta power
was calculated by summing the PSD between 8 Hz and 12 Hz, Gamma power between 30 Hz and
100 Hz and fast power between 100 and 150. The correlation was calculated between the
convolved spike trains of 50 randomly chosen PCs and then averaged. For the average pairwise
Pearson correlation, spike trains were convolved with as Gaussian kernel of 10 ms width. Pairs
where one of the neurons had zero spikes were excluded from the average. The ISI coefficient of
variance (CV) for each cell was calculated by dividing the mean of the ISI by the standard
deviation of the ISI. Then, CVs of all cells were averaged, excluding cells with undefined CVs (less

than two spikes or zero standard deviation).

4.3 Simulation-Based Inference and Quality Checks

For SBI we used neural posterior estimation (NPE; Gongalves et al. (2020) C2; Papamakarios &
Murray (2018) @) with the SNPE_C inference implementation from the sbi Python package 0.22.0

(Tejero-Cantero et al., 2020). Initially, 2620000 parameter samples were drawn from the prior,

then simulated, and the parameter-outcome pairs were used to train a neuronal density estimator
with default parameters. For sequential inference, we used truncated sequential NPE (Deistler et

0000 simulations in each round. 1000000 samples were used to estimate the support.
Undefined summary statistics (ISI Entropy, correlation or ISI CV) were set to 0. To calculate
marginal pairwise Spearman correlations, 200000 samples were drawn from the baseline
posterior distribution. To calculate the conditional correlation coefficients we conditioned other
parameters on the maximum-a-posteriori (MAP) estimate.

The hyperparameters of the training were as above, but to train the estimators, 1,122,586
simulations were randomly drawn from a pool of 10,310,000 that included the samples used to
train the original estimator. Training and inference of these estimators was performed with the
0.24.0 version of the shi Python package.

4.4 Specific Conditional Baseline Distributions

We introduced specific conditions on the posterior distribution to investigate the mechanisms that
can compensate for interneuron loss, excitatory synaptic sprouting, and intrinsic
hyperexcitability. To investigate interneuron loss we conditioned the number of AINs (AIN,) and
the number of NINs (NIN,,):
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p (0| zpy, AIN, = 55 NIN,, = 54) (7.1)

p (0| zpy, AIN, = 15 NIN,, = 15) (7.2)

Equation 7.2 produces healthy dynamics (xg;), despite interneuron loss and Equation 7.1

is the healthy control, which produces healthy dynamics with a normal number of
interneurons. 0 are the unconditioned parameters. 55 and 54 are the MAP estimates for the
interneuron counts of the marginal baseline posterior.

To investigate excitatory synaptic sprouting we conditioned the PC to PC connection probability
(PC - PCp) and strength (PC — PCy,,):

p (9 | TBL, PC — PCP = 0.15%,PC — PCASE =4.35 IIS) (8.1)

p(0 | 2y, PC — PCp = 3%,PC — PC,,, = 4.3518) (8.2)

4.35 nS is the MAP estimate of the marginal BL posterior.

To investigate intrinsic changes in principal cell excitability, we conditioned the PC leak
conductance (PC,,) and PC equilibrium potential (PCg, ):

p (0] zp, PCy, = 3.008,PCp, = —68mV) .1)

p (0| zpL,PCy, =2.5nS,PCp, = —66mV) 09.2)

These represent a minor increase of input resistance and resting membrane potential in
principal cells. MAP estimate for baseline output of the two parameters was PCy, = 3.12 nS
and PCg, = —67.87mV.

To compare conditional distributions of parameters, 100000 samples were drawn and we used the
Kolmogorov-Smirnov test to compare the healthy to the perturbed conditional.

4.5 Conditional Baseline versus Hyperexcitable Distributions

To compare the parameters that produce baseline (xg;) and hyperexcitable (xyg) activity despite
pathological perturbations (Figure 5 (%), we used MCMC sampling to draw 100000 samples and

compared the distributions with the Kolmogorov-Smirnov test.

To identify compensatory mechanisms of interneuron loss, we conditioned AINs (AIN,) and the

p (0] zpL, AIN, = 15, NIN,, = 15) (10.1)

p (0| zup, AIN,, = 15, NIN,, = 15) (10.2)

For synaptic sprouting, we conditioned the PC to PC connection probability (PC — PCp) and
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p(@ | ZBL,PC — PCP = 3%,PC — PCASE =4.35 HS) 11.1)

p (0 ‘ THE, PC — PCP = 3%, PC — PCASE =4.35 IlS) 11.2)

For depolarization, we conditioned the PC leak conductance (PC,,) and PC equilibrium

condition:

p (0| zr,PCy, =2.50S,PCp, = —66mV) 12.1)

p (8| zug, PCy, = 2.508,PCg, = —66 mV) 12.2)

4.6 Compensatory Effects on Simulator Output

Finally, we sampled parameters from the hyperexcitable condition given pathological
perturbations (see Equation 10.2 (2, Equation 11.2(% & Equation 12.2 %) and ran simulations to

e 6(2). In each condition, we
drew 100 samples. For each parameter and each sample, we varied the parameter linearly to
obtain 50 values spanning the lowest to the highest prior value.

4.7 Software

Prior samples were drawn and simulated on the Okinawa Institute of Science High Performance
computing resources running CentOS 8. with the 4. version of the Linux kernel. The brian2 version
was 2.5.0.3 (Stimberg et al., 2019(%). The Python version was 3.9.18.

The neural density estimator training, sequential NPE and conditional sampling were run on a
Windows 10 computer with brian2 2.7.1. The Python version was 3.10.14.

Plotting was done with matplotlib 3.9.1 (Hunter, 2007 (%) or seaborn 0.13.2 (Waskom, 2021%).
pandas 2.2.3 was used for data wrangling (McKinney, 2010 (2). statsmodels 0.14.4 was used for
ANOVA test (Seabold & Perktold, 2010 (). scipy 1.13.1 was used for Kolmogorov-Smirnov tests and

Spearman correlation coefficient (Virtanen et al., 2020®).

Data availability

The current manuscript is a computational study. The code is available at
https://github.com/danielmk/hyperexcitability_sbiZ. The simulation output, parameters, and
trained density estimators are available at https:/doi.org/10.5281/zenodo0.20152410 .

Acknowledgements

We are grateful for the help and support provided by the Scientific Computing and Data Analysis
section of Core Facilities at OIST. We thank Milena Menezes Carvalho, Joanna Komorowska-Mtiller
and Gaston Sivori for helpful comments on the manuscript. This work was supported by JSPS
KAKENHI grant no. JP23H05476 to T.F.

Additional files

Supplemental &

Miller-Komorowska and Fukai, 2025 eLife 14:RP107045. https://doi.org/10.7554/eLife.107045.2 18 of 25


https://doi.org/10.7554/eLife.107045.2
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://github.com/danielmk/hyperexcitability_sbi
https://doi.org/10.5281/zenodo.20152410
https://prod--epp.elifesciences.org/api/files/107045/v2/content/supplements/631838_file02.pdf
https://elifesciences.org/subjects/neuroscience

:;‘/...‘ eLife Neuroscience

Additional information
Author ORCID iDs

Daniel Muller-Komorowska: © https://orcid.org/0000-0002-2789-6068

References

Anastacio HTD, Matosin N, Ooi L (2022) Neuronal hyperexcitability in Alzheimer’s disease: what are
the drivers behind this aberrant phenotype?. Translational Psychiatry 12
https://doi.org/10.1038/s41398-022-02024-7 | PubMed

Beck H, Yaari Y (2008) Plasticity of intrinsic neuronal properties in CNS disorders. Nature Reviews
Neuroscience 9:357-369 https://doi.org/10.1038/nrn2371 | PubMed

Bliimcke I, Thom M, Aronica E, Armstrong DD, Bartolomei F, Bernasconi A, Bernasconi N, Bien CG,
Cendes F, Coras R, et al. (2013) International consensus classification of hippocampal sclerosis in
temporal lobe epilepsy: A Task Force report from the ILAE Commission on Diagnostic Methods.
Epilepsia 54:1315-1329 https://doi.org/10.1111/epi.12220 | PubMed

Brette R, Gerstner W (2005) Adaptive Exponential Integrate-and-Fire Model as an Effective
Description of Neuronal Activity. Journal of Neurophysiology 94:3637-3642
https://doi.org/10.1152/jn.00686.2005 | PubMed

Cranmer K, Brehmer J, Louppe G (2020) The frontier of simulation-based inference. Proceedings of the
National Academy of Sciences of the United States of America 117:30055-30062
https://doi.org/10.1073/pnas.1912789117 | PubMed

Deistler M, Goncalves PJ, Macke JH (2022) Truncated proposals for scalable and hassle-free
simulation-based inference. arxiv https://doi.org/10.48550/arXiv.2210.04815

Devinsky O, Vezzani A, O'Brien TJ, Jette N, Scheffer IE, Curtis MD, Perucca P (2018) Epilepsy. Nature
Reviews Disease Primers 4 https://doi.org/10.1038/nrdp.2018.24 | PubMed

Doorn N, Putten MJAMV, Frega M (2024) Automated inference of disease mechanisms in patient-
hiPSC-derived neuronal networks. Biorxiv https://doi.org/10.1101/2024.05.23.595522

Gao R, Deistler M, Schulz A, Gongalves PJ, Macke JH (2024) Deep inverse modeling reveals dynamic-
dependent invariances in neural circuit mechanisms. Biorxiv
https://doi.org/10.1101/2024.08.21.608969

Goncalves PJ, Lueckmann JM, Deistler M, Nonnenmacher M, Ocal K, Bassetto G, Chintaluri C, Podlaski WF,
Haddad SA, Vogels TP, et al. (2020) Training deep neural density estimators to identify mechanistic
models of neural dynamics. eLife 9:1-46 https://doi.org/10.7554/ELIFE.56261 | PubMed

Hunt RF, Baraban SC (2015) Interneuron transplantation as a treatment for epilepsy. Cold Spring
Harbor Perspectives in Medicine 5 https://doi.org/10.1101/cshperspect.a022376 | PubMed

Hunter JD (2007) Matplotlib: A 2D graphics environment. Computing in Science & Engineering 9:90-95
https://doi.org/10.1109/MCSE.2007.55

Huusko N, Rémer C, Ndode-Ekane XE, Lukasiuk K, Pitkanen A (2015) Loss of hippocampal interneurons
and epileptogenesis: a comparison of two animal models of acquired epilepsy. Brain Structure and
Function 220:153-191 https://doi.org/10.1007/s00429-013-0644-1 | PubMed

Irala D, Wang S, Sakers K, Nagendren L, Severino FPU, Bindu DS, Savage JT, Eroglu C (2024) Astrocyte-
secreted neurocan controls inhibitory synapse formation and function. Neuron 112:1657-1675.e10.
https://doi.org/10.1016/j.neuron.2024.03.007 | PubMed

Janz P, Savanthrapadian S, Haussler U, Kilias A, Nestel S, Kretz O, Kirsch M, Bartos M, Egert U, Haas CA
(2017) Synaptic remodeling of entorhinal input contributes to an aberrant hippocampal network in
temporal lobe epilepsy. Cerebral Cortex 27:2348-2364 https://doi.org/10.1093/cercor/bhw093 |
PubMed

Miller-Komorowska and Fukai, 2025 eLife 14:RP107045. https://doi.org/10.7554/eLife.107045.2 19 of 25


https://doi.org/10.7554/eLife.107045.2
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://orcid.org/0000-0002-2789-6068
https://orcid.org/0000-0002-2789-6068
https://orcid.org/0000-0002-2789-6068
https://doi.org/10.1038/s41398-022-02024-7
https://pubmed.ncbi.nlm.nih.gov/35732622
https://pubmed.ncbi.nlm.nih.gov/35732622
https://doi.org/10.1038/nrn2371
https://pubmed.ncbi.nlm.nih.gov/18425090
https://pubmed.ncbi.nlm.nih.gov/18425090
https://doi.org/10.1111/epi.12220
https://pubmed.ncbi.nlm.nih.gov/23692496
https://pubmed.ncbi.nlm.nih.gov/23692496
https://doi.org/10.1152/jn.00686.2005
https://pubmed.ncbi.nlm.nih.gov/16014787
https://pubmed.ncbi.nlm.nih.gov/16014787
https://doi.org/10.1073/pnas.1912789117
https://pubmed.ncbi.nlm.nih.gov/32471948
https://pubmed.ncbi.nlm.nih.gov/32471948
https://doi.org/10.48550/arXiv.2210.04815
https://doi.org/10.1038/nrdp.2018.24
https://pubmed.ncbi.nlm.nih.gov/29722352
https://pubmed.ncbi.nlm.nih.gov/29722352
https://doi.org/10.1101/2024.05.23.595522
https://doi.org/10.1101/2024.08.21.608969
https://doi.org/10.7554/ELIFE.56261
https://pubmed.ncbi.nlm.nih.gov/32940606
https://pubmed.ncbi.nlm.nih.gov/32940606
https://doi.org/10.1101/cshperspect.a022376
https://pubmed.ncbi.nlm.nih.gov/26627452
https://pubmed.ncbi.nlm.nih.gov/26627452
https://doi.org/10.1109/MCSE.2007.55
https://doi.org/10.1007/s00429-013-0644-1
https://pubmed.ncbi.nlm.nih.gov/24096381
https://pubmed.ncbi.nlm.nih.gov/24096381
https://doi.org/10.1016/j.neuron.2024.03.007
https://pubmed.ncbi.nlm.nih.gov/38574730
https://pubmed.ncbi.nlm.nih.gov/38574730
https://doi.org/10.1093/cercor/bhw093
https://pubmed.ncbi.nlm.nih.gov/27073230
https://pubmed.ncbi.nlm.nih.gov/27073230
https://elifesciences.org/subjects/neuroscience

s eLife

Neuroscience

Jirsa V, Wang H, Triebkorn P, Hashemi M, Jha J, Gonzalez-Martinez J, Guye M, Makhalova J, Bartolomei F
(2023) Personalised virtual brain models in epilepsy. The Lancet Neurology 22:443-454
https://doi.org/10.1016/51474-4422(23)00008-X | PubMed

Kamondi A, Grigg-Damberger M, Léscher W, Tanila H, Horvath AA (2024) Epilepsy and epileptiform
activity in late-onset Alzheimer disease: clinical and pathophysiological advances, gaps and
conundrums. Nature Reviews Neurology 20:162-182 https://doi.org/10.1038/s41582-024-00932-4 |
PubMed

Kaplan DI, Isom LL, Petrou S (2016) Role of sodium channels in epilepsy. Cold Spring Harbor
Perspectives in Medicine 6 https://doi.org/10.1101/cshperspect.a022814 | PubMed

Lerche H, Shah M, Beck H, Noebels J, Johnston D, Vincent A (2013) Ion channels in genetic and acquired
forms of epilepsy. Journal of Physiology 591:753-764 https://doi.org/10.1113/jphysiol.2012.240606 |
PubMed

Liu Y, Ouyang P, Zheng Y, Mi L, Zhao J, Ning Y, Guo W (2021) A Selective Review of the Excitatory-
Inhibitory Imbalance in Schizophrenia: Underlying Biology, Genetics, Microcircuits, and Symptoms.
Frontiers in Cell and Developmental Biology 9 https://doi.org/10.3389/fcell.2021.664535 | PubMed

Makhalova J, Villalon SM, Wang H, Giusiano B, Woodman M, Bénar C, Guye M, Jirsa V, Bartolomei F
(2022) virtual epileptic patient brain modeling: Relationships with seizure onset and surgical
outcome. Epilepsia 63:1942-1955 https://doi.org/10.1111/epi.17310 | PubMed

Marom S, Marder E (2023) A biophysical perspective on the resilience of neuronal excitability across
timescales. Nature Reviews Neuroscience 24:640-652 https://doi.org/10.1038/s41583-023-00730-9 |
PubMed

Martin JL, Sloviter RS (2001) Focal inhibitory interneuron loss and principal cell hyperexcitability in
the rat hippocampus after microinjection of a neurotoxic conjugate of saporin and a peptidase-
resistant analog of substance P. Journal of Comparative Neurology 436:127-152
https://doi.org/10.1002/cne.1065 | PubMed

McKinney W (2010) Data Structures for Statistical Computing in Python. In: Proceedings of the 9th
Python in Science Conference: Proceedings of the 9th Python in Science Conference.
https://doi.org/10.25080/Majora-92bf1922-00a

Mittag M, Mediavilla L, Remy S, Cuntz H, Jedlicka P (2023) Modelling the contributions to
hyperexcitability in a mouse model of Alzheimer’s disease. The Journal of Physiology 601:3403-3437
https://doi.org/10.1113/JP283401 | PubMed

Naud R, Marcille N, Clopath C, Gerstner W (2008) Firing patterns in the adaptive exponential
integrate-and-fire model. Biological Cybernetics 99:335-347 https://doi.org/10.1007/s00422-008-
0264-7 | PubMed

Papamakarios G, Murray I (2018) Fast\epsilon-free Inference of Simulation Models with Bayesian
Conditional Density Estimation. arxiv https://doi.org/10.48550/arXiv.1605.06376

Scharfman HE, Sollas AL, Berger RE, Goodman JH (2003) Electrophysiological evidence of
monosynaptic excitatory transmission between granule cells after seizure-induced mossy fiber
sprouting. Journal of Neurophysiology 90:2536-2547 https://doi.org/10.1152/jn.00251.2003 | PubMed

Seabold S, Perktold ] (2010) statsmodels: Econometric and statistical modeling with python. In: 9th
Python in Science Conference. https://doi.org/10.25080/majora-92bf1922-011

Stimberg M, Brette R, Goodman DFM (2019) Brian 2, an intuitive and efficient neural simulator. eLife
41 https://doi.org/10.7554/eLife.47314 | PubMed

Stéber TM, Batulin D, Triesch J, Narayanan R, Jedlicka P (2023) Degeneracy in epilepsy: multiple routes
to hyperexcitable brain circuits and their repair. Communications Biology 6
https://doi.org/10.1038/s42003-023-04823-0 | PubMed

Talts S, Betancourt M, Simpson D, Vehtari A, Gelman A (2018) Validating Bayesian Inference
Algorithms with Simulation-Based Calibration. arxiv https://doi.org/10.48550/arXiv.1804.06788

Miller-Komorowska and Fukai, 2025 eLife 14:RP107045. https://doi.org/10.7554/eLife.107045.2 20 of 25


https://doi.org/10.7554/eLife.107045.2
https://elifesciences.org/?utm_source=pdf&utm_medium=article-pdf&utm_campaign=PDF_tracking
https://doi.org/10.1016/S1474-4422(23)00008-X
https://pubmed.ncbi.nlm.nih.gov/36972720
https://pubmed.ncbi.nlm.nih.gov/36972720
https://doi.org/10.1038/s41582-024-00932-4
https://pubmed.ncbi.nlm.nih.gov/38356056
https://pubmed.ncbi.nlm.nih.gov/38356056
https://doi.org/10.1101/cshperspect.a022814
https://pubmed.ncbi.nlm.nih.gov/27143702
https://pubmed.ncbi.nlm.nih.gov/27143702
https://doi.org/10.1113/jphysiol.2012.240606
https://pubmed.ncbi.nlm.nih.gov/23090947
https://pubmed.ncbi.nlm.nih.gov/23090947
https://doi.org/10.3389/fcell.2021.664535
https://pubmed.ncbi.nlm.nih.gov/34746116
https://pubmed.ncbi.nlm.nih.gov/34746116
https://doi.org/10.1111/epi.17310
https://pubmed.ncbi.nlm.nih.gov/35604575
https://pubmed.ncbi.nlm.nih.gov/35604575
https://doi.org/10.1038/s41583-023-00730-9
https://pubmed.ncbi.nlm.nih.gov/37620600
https://pubmed.ncbi.nlm.nih.gov/37620600
https://doi.org/10.1002/cne.1065
https://pubmed.ncbi.nlm.nih.gov/11438920
https://pubmed.ncbi.nlm.nih.gov/11438920
https://doi.org/10.25080/Majora-92bf1922-00a
https://doi.org/10.1113/JP283401
https://pubmed.ncbi.nlm.nih.gov/36734280
https://pubmed.ncbi.nlm.nih.gov/36734280
https://doi.org/10.1007/s00422-008-0264-7
https://doi.org/10.1007/s00422-008-0264-7
https://pubmed.ncbi.nlm.nih.gov/19011922
https://pubmed.ncbi.nlm.nih.gov/19011922
https://doi.org/10.48550/arXiv.1605.06376
https://doi.org/10.1152/jn.00251.2003
https://pubmed.ncbi.nlm.nih.gov/14534276
https://pubmed.ncbi.nlm.nih.gov/14534276
https://doi.org/10.25080/majora-92bf1922-011
https://doi.org/10.7554/eLife.47314
https://pubmed.ncbi.nlm.nih.gov/31429824
https://pubmed.ncbi.nlm.nih.gov/31429824
https://doi.org/10.1038/s42003-023-04823-0
https://pubmed.ncbi.nlm.nih.gov/37137938
https://pubmed.ncbi.nlm.nih.gov/37137938
https://doi.org/10.48550/arXiv.1804.06788
https://elifesciences.org/subjects/neuroscience

7 eLife

Neuroscience

Tejero-Cantero A, Boelts ], Deistler M, Lueckmann J.-M, Durkan C, Gongalves P, Greenberg D, Macke |
(2020) sbi: A toolkit for simulation-based inference. Journal of Open Source Software 5:2505
https://doi.org/10.21105/joss.02505

Tsodyks M, Pawelzik K, Markram H (1998) Neural Networks with Dynamic Synapses. Neural
Computation 10:821-835 https://doi.org/10.1162/089976698300017502 | PubMed

Virtanen P, Gommers R, Oliphant TE, Haberland M, Reddy T, Cournapeau D, Burovski E, Peterson P,
Weckesser W, Bright J, et al. (2020) SciPy 1.0: Fundamental Algorithms for Scientific Computing in
Python. Nature Methods 17:261-272 https://doi.org/10.1038/s41592-019-0686-2 | PubMed

Waskom ML (2021) seaborn: statistical data visualization. Journal of Open Source Software 6:3021
https://doi.org/10.21105/joss.03021

Yim MY, Hanuschkin A, Wolfart ] (2015) Intrinsic rescaling of granule cells restores pattern separation
ability of a dentate gyrus network model during epileptic hyperexcitability. Hippocampus
25:297-308 https://doi.org/10.1002/hipo.22373 | PubMed

Peer reviews
Joint Public Review:
Summary:

This manuscript couples a 32-parameter model with simulation-based inference (SBI) to
identify parameter changes that can compensate for three canonical hyperexcitability
perturbations (interneuron loss, recurrent-excitatory sprouting, and intrinsic depolarisation).
The study demonstrates a careful implementation of SBI and offers a practical ranking of
"compensatory levers" that could, in principle, guide therapeutic strategies for epilepsy and
related network disorders.

Strengths:

(1) By analysing three mechanistically distinct hyper-excitable regimes within the same
modelling and inference framework, the work reveals how different perturbations require
different compensatory interventions.

(2) The authors adopt posterior estimation to systematically rank the efficiency of different
mechanisms in balancing hyperexcitability.

(3) Code and data are available.
Comments on revised version:

I appreciate the authors' extensive efforts in revising the manuscript and responding to the
previous review. The revised version is substantially improved in clarity, organization, and
presentation. In particular, the addition of schematic figures, the reorganization of the
Methods section, the improved explanation of the model, and the inclusion of replication
analyses all strengthen the manuscript.

The manuscript remains entirely computational, and therefore its conclusions should be
interpreted as predictions generated by a specific model rather than validated biological
mechanisms. I believe the work has the potential to make a useful methodological
contribution. However, several concerns remain regarding validation, interpretation of
inferred posteriors, organization of the manuscript, and presentation.

Major comments:

(1) The manuscript states that simulation-based calibration showed the amortized posterior
estimator was unreliable (85-88), but these results are not shown. The manuscript explicitly
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states that simulation-based calibration demonstrated substantial failures of the amortized
posterior estimator, yet the corresponding analyses are not presented. Since these results
motivate the transition to sequential NPE and are central to assessing inference reliability,
they should be reported quantitatively, either in the main text or supplementary material.

(2) The authors present two independently trained estimators and show strong agreement
between them. This is a useful robustness analysis. However, the rebuttal occasionally
presents this as addressing concerns regarding cross-validation and generalization. The new
analysis does not constitute cross-validation in the usual sense and does not directly assess
generalization to held-out targets or posterior accuracy.

I recommend that the authors explicitly describe Figure 4 as a reproducibility analysis and
avoid presenting it as a substitute for validation.

(3) Posterior correlations are useful for generating hypotheses about compensatory
mechanisms, but they should not be interpreted as direct evidence of compensation. The
compensatory interpretation should instead be supported by the perturbation analyses (e.g.,
Figure 6), which provide mechanistic validation.

The manuscript consistently treats posterior correlations and conditional posterior shifts as
direct evidence of compensatory mechanisms. These are consistent with compensatory
mechanisms, but they do not by themselves establish that the corresponding biological
parameters causally compensate for the perturbation. I recommend clarifying this distinction
and emphasizing that the conditional posterior analyses generate hypotheses regarding
compensation, which are then partially supported by the perturbation experiments shown
later in the manuscript.

The language throughout the manuscript should therefore be softened.

(4) The manuscript repeatedly suggests that the inferred conditional distributions may be
useful for identifying precise interventions or guiding personalized treatments (examples
include lines 24-29, lines 217-223, lines 242-246, lines 277-282, lines 283-286). These claims go
beyond what is directly demonstrated.

The study does not evaluate treatment outcomes, patient-specific inference, intervention
efficacy, or clinical decision-making. Rather, it demonstrates differences in inferred
parameter distributions within a computational model. While these results are valuable and
may generate clinically relevant hypotheses, they do not yet establish predictive utility for
treatment selection or precision medicine. I therefore recommend substantially softening
these translational claims and emphasizing that the current findings generate hypotheses
that could be tested experimentally in future work.

(5) The revised manuscript still mixes presentation of findings with interpretation.

For example, lines 217-226 largely continue to describe findings from Figure 6 and would fit
better in the Results section. The Discussion would be strengthened by focusing more
exclusively on biological implications, limitations, and future directions.

A similar issue appears later in the discussion comparing posterior correlations and
conditional distributions. Much of this section effectively reinterprets Figures 2 and 3 rather
than discussing broader implications.

(6) The discussion around lines 271-282 overstates what can be concluded from the inferred
posteriors.

The statement that correlations "discover broadly applicable mechanisms" whereas
conditionals "identify specific mechanisms" is stronger than the presented evidence supports.
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Likewise, the conclusion that conditional distributions are more useful for precision
treatments is speculative and not directly demonstrated.

I recommend reformulating these statements as interpretations or hypotheses rather than
conclusions.

(7) Around line 84, the manuscript introduces q(theta | x) without clearly defining 6, x, or q.
Readers unfamiliar with SBI may struggle to follow the notation. All quantities should be
defined when first introduced.

(8) The manuscript equates larger KS distances between conditional posteriors with greater
compensatory potential. While KS distance provides a useful measure of posterior
redistribution, it is not obvious that it should be interpreted as a measure of biological
efficacy.

(9) The manuscript would benefit from a discussion of parameter identifiability. The
inference problem maps 32 model parameters to 7 summary statistics, implying substantial
non-identifiability. While complete identifiability analysis is likely beyond the scope of the
current work, this limitation should be discussed explicitly.

All in all, the revised manuscript is significantly improved and addresses several concerns
raised in the previous review. However, important issues remain as discussed above.
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Author response:

The following is the authors’ response to the original reviews.
Joint Public Review:
Summary:

This manuscript couples a 32-parameter model with simulation-based inference (SBI) to
identify parameter changes that can compensate for three canonical hyperexcitability
perturbations (interneuron loss, recurrent-excitatory sprouting, and intrinsic
depolarisation). The study demonstrates a careful implementation of SBI and offers a
practical ranking of "compensatory levers" that could, in principle, guide therapeutic
strategies for epilepsy and related network disorders.

Strengths:

(1) By analysing three mechanistically distinct hyper-excitable regimes within the same
modelling and inference framework, the work reveals how different perturbations
require different compensatory interventions.

(2) The authors adopt posterior estimation to systematically rank the efficiency of
different mechanisms in balancing hyperexcitability.

(3) Code and data are available.
We thank the reviewers for their positive comments on our manuscript.
Weaknesses:

(1) A highly dense presentation of the simulated models and undefined symbols makes it
hard for readers outside the modelling community to follow the biological message. An
illustration of the models, accompanied by some explanations and references to the
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main equations and parameters discussed in this paper, would make the first section
much more straightforward.

Thank you for this feedback. To clarify our methods, we have added Figure 7, which
illustrates the dynamics of the point neurons and their synapses. We have also added
explanations and definitions of variables right where they appear. These variables were
previously defined only in a table on a different page.

We also moved the methods section to the back of the paper, as is common in many modern
manuscripts. We hope that relegating method details to the end makes the manuscript more
accessible.

(2) This methodology appears to be a brute-force approach, requiring millions of
simulations to tune 32 parameters in a network of 500-700 cells. It isn't scalable.
Moreover, the authors did not use cross-validation, which, with a relatively low increase
in computational cost, would provide a quantitative measure as to how well it
generalizes; this combination raises doubts about both scalability and reliability.

Scalability is indeed a key challenge of SBI methods. Amortized neural posterior estimation
(NPE) is a brute-force approach in that it samples solely from the prior distribution, which is
extremely wide. Many of these samples are therefore not very informative for the
biologically plausible dynamics we are interested in, which is a downside of amortized NPE.
However, amortized NPE is extremely scalable because once the estimator is trained, it can
estimate the parameter distribution of any given output dynamic. We tried to build an
amortized NPE for our simulator, but simulation-based calibration (a method to validate
posterior estimates using additional simulations) showed that the estimators were unreliable.

Sequential NPE is not a brute-force approach because it samples from posterior estimates,
which are narrower than the prior. Because the amortized NPE failed, we use sequential NPE
to create the two estimators for the baseline and the hyperexcitable condition described in
the paper. While millions of prior samples are used to generate the initial posterior estimate,
which is then sequentially refined, the sequential refinement requires only 80,000 additional
simulations. This requires a significant amount of computational resources, which is why we
consider the results worth reporting, but we make the simulator, the simulation results, and
the trained estimators available, so other researchers can use or train their own estimators
without running millions of simulations. We hope our rewrites make the advantages and
disadvantages of the approach clearer.

Regarding reliability and cross-validation, we agree that our initial submission has fallen
short. We presented results from only one density estimator per condition, which we
considered sufficient given the large number of samples. In the revised version, we present
the key results from two additional density estimators trained on partially new training data
(Figure 4).

(3) Several parameters remain so broadly distributed after fitting that the model cannot
say with confidence which specific changes matter. Therefore, presenting them as
"compensatory levers" is somewhat questionable.

It is indeed difficult to determine which changes matter because of the simulator’s
complexity. Especially the marginal correlation coefficient (Figure 2 C) are small and the
pairwise histograms are broad (Figure 2A), because all other parameters are unconstrained.
But the conditional correlation coefficients are larger (Figure 2D) and narrower (Figure 2B).
We have added the histograms in Figure 2B in the revised version to highlight the difference.
We cannot provide a definitive threshold for correlation coefficients to discriminate between
important and unimportant mechanisms. Therefore, compensatory mechanisms discovered
with SBI should be validated mechanistically, as we do in Figure 5.
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(4) Every conclusion is drawn from simulated data; without testing the predictions on
recordings, we have no evidence that the proposed interventions would work in real
neural tissue. Because today we cannot diagnose which of the three modelled
pathological regimes is actually present in vivo, the paper's recommendations cannot yet
be used to guide therapy.

This is indeed an unfortunate drawback of our current work. We are working to apply this
approach to constrain microcircuit simulators with data from epilepsy patients. But that
work is currently ongoing and will not fit into the present manuscript.

Recommendations for the authors:

Beyond the issues I wrote above, which are methodological, I would like to raise my
concern about the way this manuscript is written:

We highly appreciate this editorial feedback on clarity and style. Such feedback is rare and
we have worked to address each point to improve the manuscript.

(1) Paragraphs - several paragraphs start with: "To quantify/identify/find specific
compensatory mechanisms of hyperexcitability with simulation-based inference". It is a
good idea to orient the reader with the specific goal of each section, but it is not helpful
to repeat the overall message of the paper in every paragraph. Several paragraphs open
with "However," or "Additionally,". Please restructure sentences so that connectors
appear after a clear topic sentence.

We have done major rewrites to improve the readability of our manuscript. We start
paragraphs with more specific context sentences, rather than the broad research goal, and
also made paragraphs much shorter with clearer main messages.

(2) Section 1: The way you present NPE, it would seem like it's specific to neuroscience
(and it's not). The paragraph starting at line 26 is not clear. Please revise it. Line 29 -
missing a "." before the next sentence begins. Avoid phrases like "for the longest time".

We now stress that NPE, like SBI, is used across scientific domains.

(3) Section 2 was tough to read. Please present each equation in its own numbered
display, followed immediately by a plain-language explanation of every symbol and
parameter. Provide an illustrative diagram: a small schematic of the AdEx neuron,
synaptic connections, and the three perturbations. Even a simple block figure will orient
nonexperts. Keep critical methodological decisions (priors, summary statistics, simulation
length) in the main text, but move voluminous tables of parameter bounds, learning
rates, and hardware specs to the supplement. Remove mentions of which Python
functions you used. Readers care about algorithmic choices, not function names. Please
reserve specific code references for the GitHub README.

We have added schematic panels at the beginning of Figures 3 & 4 and added Figure 7, which
illustrates the neuron and synapse models of the simulator. We also made major rewrites to
the methods section to remove programmatic implementation details and define variables
where they appear.

In general, I think it would be a good idea to have an editor to polish syntax, verb tense
consistency, and punctuation. A thorough language edit will improve the readability and
impact of this manuscript.

We have attempted to improve the points raised by the reviewer. In particular, we have
carefully rewritten verb tense and punctuation throughout the revised manuscript.
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